Abstract-The TreeSAAP software has been successfully used in a variety of protein studies for identifying and characterizing adaptation in terms of shifts in the physicochemical properties of amino acid replacements. It differentiates adaptive replacements from those that may have resulted from random mutation. The accuracy of TreeSAAP was tested using simulated protein-coding DNA data that was randomly generated using a bifurcating phylogeny to reflect a random pattern of mutation constrained only by the structure of the genetic code. A sampling of 1402 simulated amino acid replacements resulted in a default accuracy of 80.6%. More than 50% of the false-positive results were traced to just 11 of the possible single-step amino acid exchanges, each of which exhibited less than 50% accuracy. When these 11 exchanges are eliminated from the subsequent analysis, the accuracy of TreeSAAP is increased to nearly 90%. Further testing of this modified approach for adverse implications with empirical data is warranted.
I. INTRODUCTION
Numerous methods for detecting natural selection acting on proteins have been proposed [22] , [23] , [24] , [25] . The most common approach for detecting selection in protein-coding genes involves estimating rates of nonsynonymous (dN) and synonymous (dS) nucleotide substitution and calculating the rate ratio dN/dS. Neutral theory [9] predicts that these rates will be equal (i.e., dN/dS = 1) when unaffected by selection. Alternatively, dN/dS > 1 is indicative of positive selection, while dN/dS < 1 denotes purifying or negative selection. Although these conditions have resulted in accurate detection of different types of selection, it often fails to detect adaptation when it clearly has occurred [3] , [19] , and the accurate diagnosis of individual amino acid changes as adaptive or otherwise is mathematically impossible because multiple nonsynonymous substitutions are required to satisfy the condition dN > dS in a statistically significant manner.
A new family of methods recently has been proposed that approaches the question of amino acid replacement diagnosis using changes in physicochemical amino acid properties [6] , [21] , [11] . The use of amino acid properties results in a high degree of resolution that is more sensitive than the dN/dS approach [12] , [16] , and allows for the detailed diagnosis of individual amino acid changes in the context of the structure and function of proteins [1] . This alternative approach for detecting selection also exhibits great promise as a tool in the area of biomedical research [4] , [14] , [10] .
TreeSAAP is a software program for detecting selection in protein-coding genes using physicochemical amino acid properties [20] . It has a demonstrated utility for characterizing the causes of selection in a wide variety of contexts. Briefly, it uses a multiple protein-coding DNA sequence alignment and a user-provided phylogenetic topology to estimate ancestral character-states. Substitution events are then inferred on each phylogenetic branch by directly comparing the hypothetical ancestral sequence at the basal end with the sequence at the terminal end. The ratio of inferred amino acid replacements to evolutionary pathways [11] is then calculated and used as a null hypothesis for the rate of random change for the sequence alignment. The overall pattern of inferred substitution is then compared to the distribution estimated using the null hypothesis to produce a series of z-scores to determine if certain magnitudes of change deviate from neutral expectations. When significantly more substitutions in higher magnitude categories are inferred than are expected by chance, that property is said to be adapting. A sliding window may be implemented to test the hypothesis that significant changes are localized in a particular part of the protein. Adaptive changes may then be mapped onto three-dimensional structures to qualitatively assess the degree to which adaptive changes are associated with functional domains and motifs [16] , [14] , [10] .
Several studies have implemented both dN/dS and TreeSAAP approaches for studying positive selection. Examples include studies of cetacean cytochrome b [12] , crustacean visual pigments [16] , and eutherian mammal HADH2 [10] . In each case, more positively selected sites were identified with TreeSAAP than with dN/dS. Moreover, TreeSAAP results were largely consistent with the known biology of the proteins and served to enhance each study by providing information about the possible causes of selection. However, these results call into question the accuracy of TreeSAAP results; is it finding selection where there has not been any?
Although TreeSAAP has demonstrated a great deal of potential in several areas of molecular research, it has yet to be rigorously tested to determine how well it fulfills its stated purpose. The first step in this process is to determine a level of confidence in analytical results by assessing the degree to which it may produce false-positive results. We outline herein a strategy for evaluating and modifying the TreeSAAP analysis that will maximize resultant confidence levels.
II. MATERIALS AND METHODS

A. Data Simulation
We designed a new software program, SimSeq, for simulating realistic protein-coding DNA sequence alignments that have evolved under conditions of neutrality. First, it randomly generates a protein-coding DNA sequence of a given length that is consistent with a particular genetic code. It generates a user-defined number of amino acid changes using a variety of models and parameters. The user defines a value for κ (transition-to-transversion ratio) and ω (nonsynonymous-tosynonymous rate ratio) by which to model the probability of fixation within a user-defined population size. A user tree is used to "speciate" the sequences after a certain number of fixed mutations until all the tree branches are "filled" with substitutions. The resulting sequences are output in standard NEXUS format ready for subsequent analysis. SimSeq was used to generate 16 aligned sequences 45,000 nucleotides in length using the universal genetic code and the following parameters: 3000 nonsynonymous substitutions; bifurcating user tree; κ = 0.5; ω = 1.0; population of 10,000 individuals. These parameters were chosen to simulate neutral conditions and avoid detrimental effects of multiple hits. If TreeSAAP was completely accurate (i.e., it generates no falsepositive results), it should not detect any positive selection in any of the physicochemical amino acid properties currently implemented in the software.
The randomness of the distribution of the simulated nonsynonymous substitutions was verified by testing the goodness of fit between a Poisson distribution and the distribution of the number of substitutions per 10-codon partition. This test begins with the calculation of an expected distribution for the number of times 0-6 substitutions are predicted to occur within a 10-codon partition across a sampling of the first 5000 codons of the simulated data. The critical value for the test statistic was estimated with a chi-square distribution.
B. Physicochemical Adaptation Analysis
TreeSAAP version 3.2 [20] was used to evaluate the sequences generated by SimSeq. All 31 default amino acid properties were used. These properties cover a broad spectrum of physical, chemical, energetic, and conformational characteristics of amino acids [17] . The bifurcating tree used to generate the sequences in SimSeq also was used in TreeSAAP. Dynamic estimation of κ, a fixed value of α = 0.0, and general timereversible model were used for ancestral sequence reconstruction. Three magnitude categories -conservative, moderate, and radical -were used to model the degree to which substitutions were destabilizing. Finally, a sliding-window of 11 codons was used to evaluate clustering among significant amino acid sites.
Further analysis was performed using the results of the TreeSAAP analysis. False-positive results were tallied by amino acid exchange and property to determine if certain properties generate more false results, or if certain exchanges are more likely to be falsely positive. The correlation between properties that generated similar false results was also evaluated.
C. Sliding-window and Magnitude Categories
The effect of alternative partitioning was evaluated by first simulating a smaller data set of 15,000 nucleotides and 1000 random nonsynonymous nucleotide substitutions, but otherwise the same as described above for the more general analysis.
A sliding-window analysis is often implemented in TreeSAAP to assess the degree to which significant results are locally clustered within the context of the codons within the window [16] , [14] , [10] . Often even single nonsynonymous nucleotide substitutions are found to be significant as the result of this type of analysis. Sliding-window (SW) sizes of 9, 11, 15, and 19 codons were used to evaluate the effect window size has on the generation of false-positive results.
The number of magnitude categories represents the number of times the distribution of single-step changes for a given amino acid property is subdivided for an analysis. The simulated data was analyzed using 3, 5, and 7 magnitude categories to evaluate the biases inherent to these alternative portioning strategies relative to the generation of false-positive results.
The expected outcome for both portioning strategies was an absence of significant results. The model used to simulate the evolution of the sequences randomly selects both the site and outcome of "mutation" under the constraint of the universal genetic code, so significant results do not represent selection, but the propensity a particular physicochemical property may have for generating false-positive results given the model and assumptions underlying TreeSAAP. The occurrence of falsepositive results were tabulated under each sliding-window size and compared for each of the 31 properties currently included in TreeSAAP. Collective tabulations were also computed.
D. Calculation of Accuracy
Accuracy, a, was calculated with the following:
where f is the number of false-positive results and s is the total number of amino acid replacements being considered.
E. Correcting for Multiple Sampling
A Bonferroni statistical correction for multiple sampling is strongly suggested when employing a sliding-window analysis in TreeSAAP. However, whether or not such a correction will yield an appropriate level of confidence has not been determined. Accuracies were estimated using several p-value thresholds to determine the correction most likely to yield the standard 95% confidence.
III. RESULTS
A. Overall Accuracy & Description of False-positive Results
A data set of 45,000 nucleotides (15,000 codons) was simulated as described. TreeSAAP recovered 2114, with 399 displaying false indications of destabilizing selection when SW = 11. This represents a initial accuracy of 81.1%. The discrepancy between the number of substitutions generated by SimSeq (3000) and those recovered by TreeSAAP (2114) is likely the result of multiple hits, which is dependant upon the stochastic model of SimSeq, and fallacies associated with ancestral character-state reconstruction, which is based on the general time-reversible likelihood model of molecular evolution.
Interestingly, all of the false-positive results generated by the general analysis of these simulated data would have been diagnosed as positive selection. No "negative selection" was ever detected regardless of the physicochemical property evaluated. The most negative z-score among a sampling of nearly 15,000 window analyses at 11 codons for each of the 31 properties was just -1.987 (Bulkiness), which would be significant at p = 0.05, but not after correcting for multiple sampling. In contrast, the most positive z-score for the same sampling was 8.508 (Molecular volume, Molecular weight, and Partial specific volume), which is highly significant. There was no significant correlation between the most positive zscore and the most negative z-score for each property (slope = -0.0097; R 2 = 0.0206), meaning that properties that perform poorly in the detection of positive selection may still accurately detect negative selection.
Most of the 31 properties were more accurate than the overall average, while a few faired deplorably (Table I) . Eleven properties had accuracies less than the overall average, with Bulkiness scoring the worst. Of note are the three other properties describing the physical size of amino acid residues: Molecular volume, Molecular weight, and Partial specific volume, all of which scored among the least accurate properties.
Several properties appear correlated in terms of the occurrence of false-positives (Table II) . Molecular volume, Molecular weight, and Partial specific volume seem to be correlated in their propensity to produce false-positive results. For example, Molecular volume produced 34 false-positives overall. Of these, 30 produced false-positives in Partial specific volume and 26 produced false-positives in Molecular weight. These three properties also are correlated with false-positives in Helical contact area, but to a lesser extent.
There was also a strong correlation between accuracy and the identity of the amino acids being exchanged (Table III) . Collectively, the 11 exchanges with the worst accuracies (all less than 50% accuracy) accounted for 207 of the 399, or 51.9%, of all false-positive results. There is no correlation between the information in Tables I and III. Several sites were implicated by multiple physicochemical properties, but this redundancy was taken into account when estimating the accuracies of individual amino acid exchanges.
Finally, there is a strong correlation between the generation of false-positive results and codon position. The baseexchange with the greatest false-positive occurrence was second-position transversions at 52.1%. The next greatest source of false-positive results was first-position transversions at 26.8%. Combined transitions, regardless of codon position, however, accounted for just 18.0% of all false-positives.
B. Sliding-window Evaluation Results
Sliding-window (SW) sizes of 9, 11, 15, and 19 codons were evaluated in terms of the incidence of false-positive results. Sliding-window sizes may be assessed in two ways: The number of false incidents (FI) over all properties, and number of falsely identified amino acid replacements (FR) regardless of property. The former is merely the sum of the falsely identified amino acid replacements for each property, while the latter takes into account the possibility of individual amino acid replacements affecting multiple properties. Only the latter may be used to calculate accuracy.
When SW = 9, FI = 179 and FR = 126, for an accuracy of 81.9% (out of 695 total reconstructed amino acid replacements). There is a decrease in accuracy (79.7%) when the SW is increased to 11 codons (FI = 218; FR = 141), but further increasing the window size more than corrects this loss in accuracy: For SW = 15, FI = 176 and FR = 119 for an accuracy of 82.9%, and for SW = 19, FI = 160 and FR = 120 for an accuracy of 82.7%.
False-positive results emerging from the 31 physicochemical properties yielded differential results that failed to follow the overall results. Some properties failed to generate any false-positive results (e.g. Average number of surrounding residues, Chromatographic index, Isoelectric point, and Polarity) or substantially fewer (e.g. Buriedness, Helical contact area, Polar requirement, and Surrounding hydrophobicity) when analyzed with the larger window sizes, while others generated more false-positives the larger the window implemented (e.g. Alpha-helical tendency, and Beta-structure tendency). Most properties, however, generally followed the overall trend, with only a slight improvement when analyzed with the larger window sizes.
C. Magnitude Category Evaluation Results
Generally, accuracy decreases as the number of magnitude categories increase. Coil tendency, for example, which exhibited 100% accuracy regardless of sliding-window size with three categories in the smaller data set of 5000 codons, yielded 98.0% with five categories and 95.1% with seven categories. This trend was especially pronounced among the most radical amino acid replacements. Coil tendency, which yielded 100% accuracy with three magnitude categories, had just 91.8% accuracy among the most radical changes when there were five magnitude categories, and 86.5% accuracy when there were seven categories. Other properties experienced a more precipitous drop in accuracy among the most radical replacements. Alpha-helical tendency, a very important property in some transmembrane and globular proteins [12] , [10] , [15] , exhibited this trend in a more amplified manner. Accuracy among the most radical amino acid replacements with analyzed with three magnitude categories was 91.8%, while five and seven categories yielded just 65.9% accuracy for radical changes.
IV. DISCUSSION
A. Explanations for False-positive Results
Several previous studies have compared dN/dS methods with TreeSAAP. In each case, TreeSAAP identified a greater number of positively selected sites. Although the TreeSAAP analysis yields more information about sites under selection and suggests possible causation, a greater number of positive results may be the product of false-positives. The purpose of this study has been to evaluate the propensity of TreeSAAP to produce false-positive results and suggest ways to maximize accuracy.
There are many potential reasons that a particular property or amino acid exchange may produce false-positive results that are consistent with the results of this study. The most likely cause is local asymmetry in the distribution of evolutionary pathways resulting from particular combinations of sampled amino acids within a sliding-window location. The extent to which local sampling has an effect on the generation of falsepositive results, and the characteristics of local sequences that result in an increased likelihood for false-positives, need to be assessed in more detail by a more comprehensive study. However, local sampling likely may generate extremely small expected frequencies for the most radical substitutions, such that even single mutations may produce statistically significant results. Often this may result in false-positive results.
Property correlations may compound the generation of false-positives for certain properties. When a property that has not been affected by positive selection exhibits some correlation with a property that has been strongly affected, falsepositive results from the analysis of the unaffected property are much more likely even when correlations may be moderately poor.
Additionally, it is obvious from this study that partitioning strategy also has a significant effect on the generation of false-positive results. Both choice of sliding-window size and number of magnitude categories may affect the overall number of false-positives. Increasing the size of the sliding window increases local sample sizes, which makes a TreeSAAP analysis inherently more conservative, while maximizing authentic signal emerging from the genetic diversity among extant sequences. Decreasing the number of magnitude categories has the same effect. Implementing both of these strategies will likely reduce the overall effect of false-positive results, but different divergence levels likely will require different optimal combinations of window size and category number.
B. Improving Accuracy
There are two possible approaches for improving the accuracy of TreeSAAP results: (1) eliminate properties that produce a high level of false-positive results, or (2) flag specific amino acid exchanges as possibly false, while leaving them out of any subsequent analysis. We feel that the latter is preferable because it allows the user to make informed decisions about individual exchanges based on their proximity to active sites and functional motifs. Furthermore, many of the properties that performed poorly are tightly correlated, but not to the level that the majority of false-positive results would be eliminated. If the 11 exchanges that performed the worst are flagged as possibly adaptive and eliminated from subsequent analyses, results will likely improve in accuracy. With relation to the data simulated for this study, accuracy was improved from 80.3% to 89.8% by doing this. The frequency with which these 11 exchanges may occur in empirical data, however, remains to be determined as part of a future study.
Certain poorly performing physicochemical amino acid properties may also be substituted with properties that describe similar characteristics of amino acid residues that have greater accuracy. Even similar properties exhibit different accuracies. For example, four of the currently default properties in TreeSAAP may be used to describe amino acid residue size: Bulkiness, Molecular volume, Molecular weight, and Partial specific volume. Of these, accuracies vary from 27.3% (Bulkiness) to 63.8% (Molecular volume). Although none of these properties produce very high confidences in analytical results, unless a better descriptor for residue size can be found, Molecular volume may be tentatively used to assess selection on this genre of amino acid characteristics. As a result, the overall accuracy of an analysis may be improved. As mentioned above, however, different divergence levels and local amino acid residue compositions may have differential effects.
Finally, decreasing the p-value threshold may be the simplest method for increasing overall analytical accuracy. In most cases, a p-value threshold of 0.05 would yield 95% confidence, but TreeSAAP sliding-window analysis implements layer upon layer of multiple sampling and thus requires a statistical correction. In most circumstances, a Bonferroni correction will bring multiple-sampling analyses back in line with statistical norms, but our results suggest that this may not be enough of a correction. The analysis of the smaller data set with three magnitude categories and a sliding-window of nine codons resulted in an initial accuracy of 81.9% when using a probability criterion of p < 0.001 as a Bonferroni correction. When this criterion is further decreased (p < 0.0001), accuracy is improved to 90.5%. Further adjustment of this criterion (p < 0.00001) improves accuracy to 95.1%. These results suggest that a p-value of 0.00001 is appropriate for 95% confidence. However, doing so may yield some false negative results. A simple solution to this problem may be to simply annotate all TreeSAAP results with the exact probability of positive selection for each site. Future versions of the TreeSAAP software will explore implementing this approach.
C. Confounding Variables
The general applicability of these results also remains to be seen. There are a number of variables that may influence the incidence of false-positive results. Most of these have to do with statistical significance, including divergence levels of the sequences in the alignment, the number of magnitude categories used to subdivide the data, and the size of the sliding window. Lower divergence levels would likely produce more false-positive results because this would correspondingly decrease the sampling of amino acid replacements. Increasing the number of magnitude categories may increase the number of false-positives because the sample size for each z-score test would proportionally decrease. Finally, smaller window sizes would likely produce more false positives because each inferred amino acid replacement would have a greater statistical influence.
Additionally, there are other variables that may have an overall influence. For example, the tree structure may have an influence on the softwares ability to reconstruct ancestral character states. The identity of the governing genetic code may also have an influence [13] . Finally, and not to be underestimated, is the influence of selection itself, which may naturally eliminate many of the exchanges that result in falsepositive. Further study is required to determine the influence these and other potentially confounding variables may have on the accuracy of TreeSAAP results. It may also be possible to identify alternatives to properties that performed poorly in this study from among the over 500 properties in AAindex [7] , [8] . The identification of a property or properties for describing amino acid size for replacing those currently included in TreeSAAP (i.e. Bulkiness, Molecular volume, Molecular weight, and Bulkiness) is especially important.
Several empirical and analytical variables may have a significant effect on TreeSAAP analytical accuracy. For example, inappropriate sequence sampling may result in substitutional saturation, as well as difficulties in alignment and phylogeny reconstruction, all of which may alter inferred patterns of amino acid replacements and change the ability of TreeSAAP to detect natural selection. If sampling is appropriate, inappropriate method and parameter choice for alignment and phylogeny reconstruction may still produce adverse effects in TreeSAAP.
D. Other Observations
Upon preparation of the manuscript for this study, we found that three of the properties currently default in TreeSAAP, Power to be at the C-terminal, Power to be at the middle of the α-helix, and Power to be at the N-terminal, have been mislabeled in all studies but the study by Chou and Fasman that originally described them [2] . Subsequent studies [12] , [18] , [5] have inadvertently confused these properties, most likely due to the use of multiple descriptions for each by Chou & Fasman [2] . The values of the property that is now referred to as Power to be at the C-terminal correspond to the normalized values of what was originally referred to as Frequency of residues in the N-terminal helix region [2] or what has since become known as Power to be at the Nterminal [18] . The values of the property that is now referred to as Power to be at the middle of the α-helix correspond to the normalized values of what was originally referred to as Frequency of residues in the C-terminal helix region [2] or what has since become known as Power to be at the C-terminal [18] . Finally, the values of the property that is now referred to as Power to be at the N-terminal correspond to the values of what was originally referred to as Average conformational parameter for the inner helix region [2] or what has since become known as Power to be at the middle of the α-helix [18] . Corrections in the labels for these properties have been made in this paper, and will be made in subsequent versions of TreeSAAP.
V. CONCLUSIONS The TreeSAAP software performs adequately (about 80% accuracy), but with just a few adjustments it can be made to perform significantly better (about 90% accuracy). However, confounding variables may cause this increase in accuracy to change in empirical data. Further study with both simulated and empirical data is required to determine the relative importance of these confounding variables to accurately identifying and characterizing selection. This study, however, suggests that just being cognizant of those amino acid replacements that result in the least accuracy, and using fewer magnitude categories, larger sliding-window sizes, and decreased pvalues may allow users to more accurately interpret their analytical results. ACKNOWLEDGMENT Thanks to all the great undergraduate students at Brigham Young University who worked in the McClellan lab between 2001 and 2007. Although the work they did on the background for this project was pivotal to working out kinks in the TreeSAAP software, they were not directly involved in these results. The support received from the Department of Integrative Biology at Brigham Young University, and the BYU Office of Research and Creative Activities is also greatly appreciated. Finally, thanks to Bigelow Laboratory for Ocean Sciences for continued support for this and other research.
